Gully formations on Mars have been the focus of many morphological and mineralogical studies aimed at inferring the mechanisms of their formation and evolution. In this paper we have analyzed 354 globally distributed gullybearing Full Resolution Targeted (FRT) Compact Reconnaissance Imaging Spectrometer for Mars (CRISM) images. The primary goal of the analysis was to identify all spectrally distinct deposits in these images (if any) and to classify them into hydrated and non-hydrated categories using only CRISM summary parameters (Viviano-Beck et al., 2014). Such approach makes possible to analyze a very large set of all distinct deposits in 354 images. We found that 68% of these images lack any distinct deposits, 8% of images contain non-hydrated deposits which coincide with the gullies and 24% of images contain hydrated deposits which coincide with the gullies. These results are compared with the recent analysis of 110 CRISM images by Nuñez et al. (2016) who also found that most gullies coincide with indistinct deposits, but, contrary to our findings, they found a predominance of non-hydrated minerals among distinct deposits. We attribute this discrepancy in part to their smaller and geographically biased sample of images, and in part to differing protocols of categorizing images. The discrepancy between the two surveys is further increased if we count all deposits in FRT gully-bearing images, not just deposits directly coinciding with the gullies, obtaining 44% indistinct, 15% non-hydrated, and 41% hydrated images. The secondary goal of this study was to perform the same image survey using a recently developed automated method in order to assess its accuracy and thus its feasibility for performing future surveys. We found the overall accuracy of the auto-mapper to be 76.2% but its accuracy for discovering distinct deposits, and in particular, distinct hydrated deposits was lower. We attributed the deficiencies of the auto-mapper primarily to its sensitivity to presence of noise in images and especially to presence of speckle noise. It is however worth noting that qualitatively both manual and automatic surveys arrived at the same overall conclusion.
To analyze an image for mineral deposits all of its 170 five browse products were visually examined. ing the examination deposits, if present, were manu-172 ally marked and labeled in accordance with the browse 173 product keys in Viviano-Beck et al. (2014) . For ex-174 ample, when examining the PHY browse product -175 whose constituent summary parameters are BD1900R2, 176 BD2200, and BD2300 -a deposit with enhancements in 177 the BD1900 and BD2300 summary parameters would 178 appear in magenta color and be interpreted as an Fe/Mg 179 phyllosilicate. All identified and labeled deposits are re-180 labeled into two categories, hydrated or non-hydrated. 181 The hydrated category's deposits are indicative of min-182 eral alteration through contact with water. We consider 183 deposits from the HYD, PHY, and CAR browse prod-184 ucts hydrated. We also consider the H 2 O ice deposit 185 from the ICE product hydrated. Deposits from the MAF 186 product are considered non-hydrated, as is the CO 2 ice 187 deposit from the ICE product. An image which has no 188 distinct deposits is labeled as 'uninteresting'. 189 It should be noted that in some images it was diffi- Table (LUT) to assign mineral labels based on the presence of specific band depth features (process more fully described in Allender and Stepinski (2017) . Specific mineral species may only be assigned based on the presence of certain band depths, as a basic example: in order for a deposit to be assigned as an Mg-smectite such as montmorillionite it must have absorption features at 1900, 2200, and 2300 nm (represented by CRISM summary products BD1900R_2, D2200, and D2300). If a deposit contains all of these features, but has additional enhancements in BD1400 and OLINDEX3 it would be labeled in the figure above as Mg-Smectite + BD1400 + OLINDEX3. If a deposit contained features from two mineral species who share common band depth features such as Kaolinite and Al-Smectite, the deposit would be labeled in the figure above as Kaolinite/Al-Smectite. mineralogical deposits in CRISM images more attain-229 able. Recently we introduced a method that, for a given Table 1 ) that can be identified using Table 1 282 we consider this unit 'hydrated', otherwise we con- teresting' images revealed that standard pre-processing 296 (see the beginning of Section 2) did not eliminate all 297 noise; 176 of the nominally 'interesting' images were 298 really 'uninteresting' but, the residual noise was mis-299 interpreted by the auto-mapper as a distinct unit. We 300 manually reclassified these 176 images as 'uninterest-301 ing'. Note that this was a very fast fix as speckled im-302 ages are very distinctive and can be reclassified without 303 much effort. In our assessment of the performance of 304 the auto-mapping (see Section 4) we didn't count these 305 176 cases as misclassifications because they are not re-306 lated directly to the method itself. After this correction 307 205 images were assigned the 'uninteresting' label and 308 149 were assigned to one of the remaining four labels.
309
The outcome of both the manual and automated anal- Take the category 'hydrated_gullies' as an example.
321
The recall for this category is the ratio of the num- false negatives (how many hydrated deposits it missed).
328
A low value of recall indicates that many images con- 
Manual survey results
The manual survey of 354 images was conducted as 343 described in Section 2.1. We labeled 155 of these im-344 ages as 'uninteresting', meaning we could not find any 345 distinct mineral deposits in them. In the remaining 199 346 images we identified distinct deposits. Table 2 shows 347 how these 199 images breakdown into four categories 348 according to our classification as described in Section 349 2.1. As can be seen from ages.
481
More specific information about the performance of 482 the automated method can be obtained from ing is a type of mismatch caused by the auto-mapper 562 limit on the number of outliers it considers as interest-563 ing deposits. If there are a lot of noisy superpixels in an 564 image this limit is used up on them, leaving no room for 565 outliers which are true deposits.
566
The columns in Table 6 highlight the presence/lack of deposits in an image.
678
They then extracted spectra from these highlighted re- in sufficient detail for us to make a direct comparison, 750 overall our results agree with their conclusion that there 751 is no clear indication for a role for liquid water in gully 752 formation. From the example shown in Fig. 3 The secondary purpose of this study was to check with absorption features at and around 1400, 1900, 2300, and 2500 nm indicated with dotted lines. The detected spectrum is plotted in magenta as this is a color the deposit appears in the CAR browse product. A MICA library spectrum (plotted in black) of Fe/Ca carbonate (Viviano-Beck, 2015) is included to show similarities in spectral shape. run as opposed to the direct image processing effort re-817 quired by an analyst. We show these numbers in order 818 to demonstrate that automation may shorten the time re-819 quired for analysis by an order of magnitude. Of course, 820 the automated method is only valuable if it is accurate 821 and the present study offered an opportunity to assess its 822 accuracy.
823
As we documented in Section 4 the automated 824 method is not yet as accurate as we would like it to be.
825
Superficially, its overall accuracy of 75.9% on our sam-826 ple of 354 images is on par with many commonly used
